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Abstract: The technology of hairpin welding, which is frequently used in the automotive industry,
entails high-quality requirements in the welding process. It can be difficult to trace the defect back to
the affected weld if a non-functioning stator is detected during the final inspection. Often, a visual
assessment of a cooled weld seam does not provide any information about its strength. However,
based on the behavior during welding, especially about spattering, conclusions can be made about
the quality of the weld. In addition, spatter on the component can have serious consequences. In
this paper, we present in-process monitoring of laser-based hairpin welding. Using an in-process
image analyzed by a neural network, we present a spatter detection method that allows conclusions
to be drawn about the quality of the weld. In this way, faults caused by spattering can be detected
at an early stage and the affected components sorted out. The implementation is based on a small
data set and under consideration of a fast process time on hardware with limited computing power.
With a network architecture that uses dilated convolutions, we obtain a large receptive field and can
therefore consider feature interrelation in the image. As a result, we obtain a pixel-wise classifier,
which allows us to infer the spatter areas directly on the production lines.
Keywords: hairpin; laser welding; semantic segmentation; dilated convolution; sdu-net; spatter
detection; quality assurance; fast prediction time
1. Introduction
In the production of electric motors, the automotive industry relies on a new technique
known as hairpin. Instead of twisted copper coils, single copper pins that are bent like
hairpins are used, which give the technology its name. These copper pins are inserted
into the sheet metal stacks of a stator and afterward welded together in pairs. As with
conventional winding, the result is a coil that generates the necessary magnetic field for
the electric motor. This method replaces complex bending operations and enables a more
compact motor design while saving copper material [1,2]. Depending on the motor design,
between 160 and 220 pairs of hairpins per stator are welded. If at least one weld is defective,
the entire component may be rejected. Therefore, continuous quality control is necessary
and the weld of every hairpin pair should be monitored [1].
In most cases, a laser is used to weld the pins. The laser welding process enables
a very specific and focused energy input, which ensures that the insulation layer is not
damaged during the process. In addition, unlike electron beam welding, no vacuum is
required and laser welding is a flexible process that can easily be automated in a short
cycle time [1]. The lower-cost laser sources that are scalable in the power range emit in
the infrared wavelength range, which is comparatively difficult for working with copper.
At this wavelength of about 1030 nm or 1070 nm copper, is highly reflective at room
temperature, so very little incoming laser light is absorbed [1,3]. Just before reaching the
melting temperature the absorption level rises from 5% to 15% and reaches almost 100%
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when the so-called keyhole is formed. Based on this dynamic, the process is prone to
defects and spattering [4]. A spatter occurs when the keyhole closes briefly and the steam
pressure causes the material to leak out of the keyhole. If the ejected material gets into the
stator, it may cause short circuits or other defects [1]. In addition, less material will be used
to form the weld, which often leads to a loss of stability. For these reasons, it is extremely
important to prevent spatter as much as possible. Various processes can improve the
welding result on copper. Three approaches are briefly touched upon below. By moving the
laser spot fast and simultaneously during forwarding motion (wobbling), stable dynamics
can be created in the weld pool. This can improve the process quality when welding with
an infrared laser. Another approach is welding with different strengths of inner and outer
fiber core. This means that the inner fiber core is used to create the desired welding depth
with high intensity, while the molten pool is stabilized by an outer fiber core—the fiber
ring. In addition, there is the possibility of using a visible wavelength of a green laser,
which results in higher absorption of the laser light and thus higher process reliability [5–7].
Furthermore, there may also be external causes that lead to spattering. These include, for
example, contamination, gaps, misalignment or an oxidized surface.
The correct setting of the laser welding parameters such as laser power, speed and
focus size is very important in copper welding. In addition, the process may not drift or
this must be detected at an early stage. The presence of spatter on the component can be
used as an indicator of an unstable situation in the welding process, as its occurrence is
closely related to the quality of the weld seam [8,9]. Due to the briefly mentioned reasons,
it is essential to monitor the welding process while focusing particularly on spattering.
This allows a conclusion about the quality of individual welds, the occurrence of defects,
as well as the overall quality of the stator. An important requirement is also fast process
time which is a prerequisite for a system to be used in large-scale production. The welding
of an entire engine takes just a bit more than one minute and quality monitoring should
not slow down the process [1,2].
Currently, there are only a few machine learning applications that are used for quality
assessment in laser welding [10]. Some approaches are presented by Mayr et al. [11],
including an approach for posterior quality assessment based on images using a convolu-
tional neural network (CNN). They use three images in the front, back, and top view of a
hairpin, to detect quality deviations [12]. In [13] a weld seam defect classification with help
of a CNN is shown. They achieve a validation accuracy of 95.85% in classifying images
of four different weld defects, demonstrating the suitability of CNNs for defect detection.
Nevertheless, some defects cannot be seen visually on the cooled weld seam. For example,
pores in the weld seam or a weld bead that is too small due to material ejection can not be
visually distinguished from a good weld seam.
That is why imaging during the process of hairpin welding offers more far-reaching
potential for machine learning than subsequent image-based inspection of the weld. Impor-
tant criteria are the mechanical strength of the pin and the material loss [12]. Both criteria
are in correlation with a stable welding process and the occurrence of spatter. For spatter
detection, a downstream visual inspection of the component is also possible [14]. However,
this approach is problematic for hairpins since there is little material around the hairpins
that can be verified for spattering.
Therefore, this paper presents an approach that enables spatter detection during hair-
pin welding. One of the main challenges of spatter detection directly during the welding
process is the fast execution time on hardware with low computing power. The algorithm
should be executed directly in the production line, where the installed hardware is often
fanless and only passively cooled due to ingress protection. Another important issue is
the amount of training data. Since this is an application in an industrial environment,
training should only be done on a small data set so that the labeling effort is low and the
algorithm can be quickly adapted to new processes. These two aspects are considered in
the following.
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In Section 2 the data basis and the analysis methods are presented in detail. On the
one hand, the network architecture is discussed, but also comparative algorithms, such as
morphological filters with their configurations, are presented. Subsequently, in the result
section, the training parameters and the results are shown. Finally, the results are discussed
and summarized in Section 4.
2. Materials and Methods
To obtain a comprehensive data basis, images were recorded from two different per-
spectives while welding hairpins. The captured images were then used to perform different
approaches to monitor the occurrence of spatter. An automated solution for spatter detection
is recommended because it ensures consistent evaluation and only in this automated way
can spatter be detected reliably. The image-based approach contributes to the detection of
spatter caused by external factors. By using artificial intelligence, a high feature variance
in the data is covered. Additionally, the required properties of the categories do not need
to be defined in detail. Images were continuously recorded in the process to implement
in-process quality monitoring. Since a visual inspection of the hairpins after the welding
process is not always clear, a post-weld inspection is not precise enough.
2.1. Data Basis
We use three different approaches for generating data sets for the observation of the
welding process using an industrial camera. These differ firstly in the perspective from
which the data were recorded and secondly in the type of preprocessing.
In the first approach, the images taken during the welding process were summed
up to a single image per process. The superimposition of the individual images provides
information about the spatter occurrence during the entire process [15] and can thus be
used to evaluate the welding behavior. When summing up the images, those taken at the
time the laser beam pierced the material must be removed. In this process step, a white
glow occurs, which takes up so much space on the image, that it would hide possible
spatters. An example is shown in Figure 1.
Figure 1. Summed image with and without piercing.
On the one hand, the images were taken with a high-speed camera mounted on the
side of the welding process. This provides a lateral view in which the welding process and
spatter are visible. The data set containing the summed images of a welding process is
referred to as laterally complete in the following.
The second view of the images is coaxial through the laser optics. Often, a camera is
already installed in a laser welding system that captures images through laser optics. These
images are used for example to determine the component position before the welding
process. To achieve more accurate results in this process, the magnification optics are often
selected to provide a good imaging ratio for the component. In contrast, when monitoring
the welding process for spatter, the lowest possible magnification would be optimal. Since
the camera is usually part of an existing system, the magnification cannot be adjusted
specifically, which often means that a higher magnification must be used. For our test
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setup, we use a gray-scale camera with a recording frequency of 2 kHz. The summed
images, which were generated based on the coaxial view, are called coaxial complete.
For a third approach, we evaluate the individual images acquired by the coaxial
view. The third data set is called coaxial single. While spatters are shown as lines on the
summed image, they are usually visible as dots on the single images, depending on the
exposure time.
With semantic segmentation, labeling is time-consuming and error-prone. Many
developments in the industry are carried out specifically for a customer project on customer
data. The labeling effort, which means time resources and therefore costs, is recurring for
each customer project. In addition, there are often confidentiality agreements and data flow
for a large database is difficult. Therefore, especially in the industry, an attempt should
be made to work with a small amount of training data. To teach the network the desired
invariance and robustness properties even in training with only a few training data sets,
data augmentation is essential [16]. Various network architectures, such as the U-Net
architecture, are designed for strong data augmentation. We enlarge our training data
set using rotation, vertical and horizontal shift, vertical and horizontal flip, adjustment
of the brightness range, zoom and shear. Through the strong use of data augmentation
we also have the advantage of avoiding overfitting. Dosovitskiy et al. [17] have shown in
this context the importance of data augmentation to learn a certain invariance. Despite a
small data set, the network never gets the same image with an identical setting presented
multiple times. Thus, it cannot learn the image by memory.
The segmentation masks could not be exact for each pixel. Especially in the summed
images where the spatter is shown as a line, the labels are not accurate for each pixel. As
shown by Tabernik et al. [18] inaccurate labeling is sufficient for predictions aimed at a
quality assurance based on defect detection. The paper processes the topic of surface-defect
detection. They used a segmentation-based approach to detect cracks on an image and
transferred the problem afterwards to binary image classification with the classes defect is
present and defect is not present. In an experiment, it was shown that the segmentation results
are better if larger areas around the crack are marked in the annotation mask. Although
pixels that are not part of the crack are marked as defect class, they achieve better results
than with an accurate annotation mask. Our use case is very similar to the use case of
Tabernik et al., which is why their result can be applied to our task. Instead of surface
defects, we detect spatter in our application.
We train separate models, one for each data generation approach. For the two models
based on the summed images, we use 14 images each in the training process. Each of these
images represents the complete welding process, whereas with the coaxial single data set
we have about 700 images per welding process. There, we use 500 images from different
processes for training. We categorize the pixel-wise class assignment into the background,
process lights, and spatter.
2.2. Network Architecture
The images are evaluated using a neural network. We use a segmentation network to
localize the process light and the spatter pixel by pixel. Compared to the object detection,
which could be done for example with YOLO [19] or SSD [20], this has the advantage that
through the pixel-based loss function each pixel can be considered as an individual training
instance [18]. This increases the effective number of training data massively and thus also
counteracts overfitting during training.
Unlike many other network architectures, the U-Net architecture is very well suited
for small data sets, as shown by Ronneberger et al. [16]. Therefore a neural network whose
architecture is based on the stacked dilated U-Net (SDU-Net) architecture presented by
Wang et al. [21] is used to evaluate our images. The abbreviation SD is short for stacked
dilated. To avoid confusion considering the SDU-Net, it should be mentioned that various
other U-Net modifications exist, which are also called SDU-Net. However, in these nets the
abbreviation SD describes other concepts. For example, there is the spherical deformable
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U-Net (SDU-Net) from Zhao et al., which was developed for medical imaging in the
inherent spherical space [22]. Because there is no consistent neighborhood definition in the
cortical surface data, they developed another type of convolution and pooling operations,
especially for this data. Another U-net modification, which is also called SDU-Net, is
the structured dropout U-Net presented by Guo et al. [23]. Instead of the traditional
dropout for convolutional layers, they propose a structured dropout to regularize the
U-Net. Gadosey et al. present the stripping down U-Net, with the same abbreviation, for
segmentation images on a platform with low computational budgets. By use of depth-wise
separable convolutions, they design a lightweight deep convolutional neural network
architecture inspired by the U-Net model [24].
As mentioned before, we used a SDU-Net modification with stack dilated convolu-
tional layers. This U-Net variant adopts the architecture of the vanilla U-Net but uses
stacked dilated convolutions. Instead of using two standard convolutions in each encoding
and decoding operation, the SDU-Net uses one standard convolution followed by mul-
tiple dilated convolutions which are concatenated as input for the next operation. Thus
the SDU-Net is deeper than a comparable U-Net architecture and has a larger receptive
field [21]. In Figure 2 our architecture is shown in detail. We used a gray-scale image of the
size 256× 256 pixels as input. In designing the network architecture we set the concatenate
output channel numbers to n1 = 16, n2 = 32, n3 = 64 and n4 = 128 instead of n1 = 64,
n2 = 128, n3 = 256 and n4 = 512 like the original implementation of the paper. Since our
images are far less complex compared to the medical images used in the paper from Wang
et al., this number is sufficient. So all in all we have 162,474 trainable parameters instead of
6,028,833. With this comparatively small amount, we achieve a fast inference time, which
is about 20 ms on CPU. This is important to be able to run the network prediction on an
industrial computer directly at the production line, where often no GPU is available.
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32168 4 4 64
643216 8 8 12
8
32168 4 4 64
168 4 2 2 32
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Figure 2. Our optimized small SDU-Net architecture. The input size is 256× 256 pixels and we have
32× 32 pixels at the lowest resolution. The number of channels is denoted at the bottom of the boxes.
2.3. Evaluation
An alternative approach is to implement spatter detection with a morphological filter.
We choose the opening operation, which involves an erosion of the data set I followed by
dilation, both with the same structural element H:
I ◦ H = (I 	 H)⊕ H. (1)
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In the first step, the erosion, the opening process eliminates all foreground structures
that are smaller than the defined structural element. Subsequently, the remaining structures
are smoothed by the dilation and thus grow back to approximately their original size. With
the opening filter, we identify the process light in the images based on the structure element
H. In Figure 3 the process is visualized. An input image is shown in Figure 3a and
the corresponding filtered image in Figure 3b. Afterwards, we define the spatters by
subtracting the filtered image from the original image. The remaining image elements
represent the spatters, shown in Figure 3c. Figure 3d shows an overlaid image, where the
process light is painted in green and the spatters in red. For this algorithm we use the
original image size with 480× 640 pixels for the coaxial images and 840× 640 pixels for
the lateral images. We choose the structure elements as ellipse with H = 45× 45 pixels for
the coaxial single, H = 90× 90 pixels for coaxial complete, and H = 60× 60 pixels for lateral
complete images. The definition of the structural element is based on the average size of
the process light, which is estimated in the images. The spatters usually represent smaller
elements and can thus be distinguished from the elements found by the filter.
(a) (b)
(c) (d)
Figure 3. Gray-scale opening, (a) gray-scale image (b) process light (c) spatter (d) overlaid image
with spatters colored in red and the process light in green.
We have also used other network models, such as a comparable small version of the
U-Net model according to Ronneberger et al. [16]. We trained this model equivalent to the
SDU-Net architecture with the same input images and the same parameters, shown in the
next section.
3. Results
We trained different models of the small SDU-Net architecture for each input data
generation approach, coaxial single, coaxial complete, and lateral complete. All models were
trained with a batch size of 6, an input of gray-scale images in the size of 256× 256 pixels,
and 500 steps per epoch. We used the Adam Optimizer and started the training process
with a learning rate of 0.001. The learning rate was reduced by 5% after 3 epochs without
any improvement until a learning rate of 0.000005 is reached. The training process was
stopped when no further improvement has occurred in 20 consecutive epochs. This results
in different long training times for the different models. The loss value and the accuracy
of the different models can be seen in Table 1. To verify the results during training, we
used validation data sets. These contained 3 images each for coaxial complete and lateral
complete and 18 images for coaxial single, according to the small database. The validation
data sets were also enlarged with strong use of data augmentation. After the training, we
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used a separate test data set, each containing 50 images with the corresponding ground
truth image.
Because the number of pixels per class is very unbalanced, and especially the less
important background class contains the most pixels, we used the loss functions weighted
dice coefficient loss (DL) and the categorical focal loss (FL) [25]. The network results are
shown in Figure 4 and in Table 2.
The advantage of focal loss is that no class weights have to be defined. The loss func-
tion, which is a dynamically scaled cross entropy (CE) loss, down-weights the contribution
of easy examples and focuses on learning hard examples:
FL(pt) = −α(1− pt)γlog(pt) (2)
The two parameters α and γ have to be defined. The parameter α represents the
balancing factor, while γ is the focusing parameter. The CE loss is multiplied by the factor
(1− pt)γ. This means that with the value γ = 2 and a prediction probability of 0.9, the
multiplier would be 0.12, i.e., 0.01, making the FL in this case 100 times lower than the
comparable CE loss. With a prediction probability of 0.968, the multiplier would be 0.001,
making the FL already 1000 times lower. This gives less weight to the easier examples and
creates a focus on the misclassified data sets. With γ = 0 the FL works analogously to the
cross entropy. Here the values α = 0.25 and γ = 2 were chosen.
For comparison, we used the weighted dice coefficient loss, where the loss value is
calculated for each class, weighted with the respective class weighting, and then added
up. The class weights were calculated based on the pixel ratio of the respective class in
the training images. The classes that contain only a few pixel values, such as the spatter
class, must be weighted more heavily so they are considered appropriately during training.
Since the values are calculated based on the number of pixels in the training data, these
weights vary between the different input data sets.
Besides training individual models for each input data approach, we also trained
one model for the prediction of all data, the coaxial and lateral view, summed, and single
images. Since the different data sets have the same classes and a similar appearance, one
model approach is also possible. The advantage of this approach is that a higher variance
of data can be covered in one model and therefore we do not need to define new models or
parameters for each data type. To train the global model we used 14 images of each coaxial
and lateral complete data set and 34 coaxial single images.
Another advantage is that additional classes can be added to the model. We have
introduced a new class, which includes the cooling process of the welding bead. From the
moment the process light turns off, the weld is assigned to the cool-down class. This class
cannot be identified via the previously described structure recognition with the subsequent
exclusion procedure using the morphological filter. Only image elements of different sizes
can be detected and distinguished from each other. For elements of similar size with
different properties, the method reaches its limits.
The result of training the small SDU-Net as a single model for all data is also shown in
Table 1. All four classes were considered in the training process. In the summed images, the
cooling process is not visible. For comparison, a SDU-Net model with twice the number of
filters was trained. This net has more trainable parameters, but in our test, no significantly
better results in loss, accuracy as well as in evaluation could be obtained. In addition, the
results of the comparatively small U-Net model are shown.
The classification results are compared using the Intersection over Union metric (IoU).
The metric compares the similarity between the predicted classification mask and a drawn




A ∪ B . (3)
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Table 1. Training results of the neural network models based on the SDU-Net architecture. Three different models are
trained for each input data generation approach. The fourth model was trained for the prediction of all data. In comparison





Filter Size, All Data
U-Net, All
Data
Steps per epoch 500
Batch size 6
Input size [pixels] 256× 256
DL 0.173 0.196 0.198 0.156 0.146 0.163
Accuracy 0.993 0.966 0.995 0.980 0.980 0.975
Validation DL 0.488 0.347 0.489 0.361 0.339 0.428
Validation Accuracy 0.976 0.831 0.953 0.963 0.963 0.951
In Table 2 the evaluation results of the different approaches are shown. The second
value in the rows shows the IoU for all pixels in the entire image. The dark area around the
weld is most correctly classified as background. Especially for the coaxial single dataset, the
background takes up the main part of the image, so the IoU over the entire image is very
high for all methods. Therefore, the specific class pixels are again considered separately.
This consideration can be seen in the first values in the table. This represents the IoU based
on the pixels assigned to a specific class, except for the background class. This value gives
more information about the actual result than the total IoU. However, the larger the area of
the background, the fewer pixels are included in the calculation of the class-specific IoU.
As result, the value is more influenced by individual misclassified pixels.
In Figures 4 and 5 the first value, without consideration of the background pixels,
is used. As shown in Figure 4 the two weighted loss functions, FL and DL, result in
comparable distributions in which the DL performs only marginally better.
Using a single model trained on all three data sets, an outlier with IoU close to 0 can be
seen in each of our test sets in Figure 4. There, a shot during the cooling process with spatter
was misclassified as process light. When using different models per data set, this error case
did not occur. On the one hand, the error can be attributed to an underrepresentation of the
cooling class in the overall data set, since this only occurs in the coaxial single images. On
the other hand, the occurrence of spatter on images at this point in the welding process is
very rare, which is why the case was not sufficiently present in the training. In productive
use, it is assumed that the data is taken only from one perspective. Nevertheless, this
experiment can show that the model generalizes well even on different input data with
only very few training data and thus covers a high data variance.
Figure 5 shows the IoU without considering the background pixels of the different data
sets all trained with the dice coefficient loss. This graph shows that the largest deviations
are contained in the coaxial single data set. In these images, the background occupies the
largest image area, which makes small deviations of the other classes more significant, as
shown in Table 3.
In all three input data sets, coaxial single, coaxial complete, and lateral complete, the SDU-
Net provides the best results compared to the other methods. The disadvantages of the
U-net architecture arise from the fact that only simple and small receptive fields are used,
which leads to a loss of information about the image context. In our use case, it leads to the
fact that the classes cannot always be clearly distinguished from each other. The SDU-Net
processes feature maps of each resolution using multiple dilated convolutions successively
and concatenates all the convolution outputs as input to the next resolution. This increases
the receptive field and both, smaller and larger receptive fields are considered in the result.
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Table 2. Evaluation results of the different approaches. The first value shows the average IoU value of the pixel which




















Coaxial Single 0.406, 0.962 0.421, 0.958 0.819, 0.980 0.821, 0.990 0.746, 0.990 0.739, 0.989 0.709, 0.965
Coaxial Complete 0.731, 0.847 0.722, 0.568 0.830, 0.909 0.810, 0.937 0.850, 0.953 0.840, 0.952 0.828, 0.848
Lateral Complete 0.497, 0.860 0.482, 0.920 0.644, 0.935 0.611, 0.968 0.681, 0.967 0.688, 0.984 0.659, 0.932
Average 0.544, 0.889 0.542, 0.789 0.764, 0.943 0.747, 0.965 0.759, 0.972 0.756, 0.975 0.732, 0.915
Figure 4. Comparison of the IoU of the classes process light, cool down, and spatter for the different
loss functions dice coefficient loss and focal loss, as well as the approach with three different models
and one model for all data.
Figure 5. Comparison of the IoU of the different input data sets. All three models are trained with
the weighted dice coefficient loss.
Visualized results of the different methods are shown in Table 3. In comparison to the
small SDU-Net, results of small U-Net, binary opening, and gray-scale opening are shown.
The models of the SDU-Net and the U-Net are trained on all data and with four classes,
while the morphological filter on the one hand requires a structural element of different
sizes per data set and also cannot distinguish between process light and cooling process.
For better visualization, the pixel-by-pixel classification of the neural networks is displayed
in different colors and superimposed on the input image. The class of the process light is
shown in green color, the spatters in red, and the cooling process in blue. The resulting
images of the morphological filter are displayed analogously to Figure 3.
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With the morphological filtering, small regions always remain at the edge of the area
of the process light, since the structural element can never fill the shape exactly. As a
result, the exclusion method would always recognize some pixels as spatter, which must
be filtered in post-processing. Even small reflections, which occur mainly in the lateral
images, are detected as spatter by the exclusion procedure. On the other hand, spatter that
is larger than the defined structural element is detected as process light and not as spatter,
which also leads to a wrong result. Compared to the binary opening, the steam generated
during welding, which is mainly visible on the lateral images, is usually detected as process
light in the gray-scale opening. With the binary opening, the steam area is usually already
eliminated during binarization.
Without runtime optimizers, our classification time of the small SDU-Net model on
the CPU is about 20 ms. In comparison, the binary and gray-scale opening reached 12 ms
for coaxial single, 1.61 ms for coaxial complete, and 40 ms for the lateral complete images.
The deviating process times of the opening operation are caused by the different image
sizes and the different sizes of the structural element. By using a larger or differently
shaped structural element, the process times can be further improved, but the resulting
detection quality suffers.
The production time of a stator is about one minute for all 160 to 220 pairs of hairpins.
In the best case, 270 ms are needed for welding one hairpin. The quality assurance with the
SDU-Net needs 20 ms which is not even 10% of the welding time and 0.33 per mill of the
whole welding process. With a time-delayed evaluation of the images, the previous pin can
be evaluated each time the next pin is welded. Thus the time sequence of the welding of a
stator remains unaffected by this setup due to the fast prediction time. The evaluation was
deliberately calculated on the CPU since the model is to be executed directly at the production
plant on an industrial PC, where GPUs are not always available. Thus, a strong spatter
formation, which can indicate a drifting process or contaminated material, can be reported
directly to the user. This allows the user to react directly and stop or adjust the process.
Table 3. Overlaid result images of the different methods. The green color marks the process light,
red the spatters, and blue the cooling process. Average IoU value of the pixel which was assigned to
process light, spatters, or cooling process.






IoU = 0.88 IoU = 0.86 IoU = 0.82 IoU = 0.82
IoU = 0.79 IoU = 0.522 IoU = 0.482 IoU = 0.471
IoU = 0.986 IoU = 0 IoU = 0 IoU = 0
Coaxial Complete
IoU = 0.79 IoU = 0.79 IoU = 0.71 IoU = 0.70
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Table 3. Cont.






IoU = 0.68 IoU = 0.65 IoU = 0.37 IoU = 0.37
IoU = 0.50 IoU = 0.34 IoU = 0.32 IoU = 0.31
4. Discussion and Outlook
By training one model on all three input data sets, it could be shown that a high
variance of data can be covered with this approach. The data varies greatly in terms of both
recording position and spatter optics. This high level of data variance will not occur in a
production line, where a position of data acquisition, as well as a type of pre-processing,
will be determined. However, this experiment suggests that it will be possible to use one
model for different applications and with slightly different recording mechanisms. We
obtain an average IoU of the specific classes without background class of 0.759 in this
approach. In comparison, the IoU values of the morphological filter are 0.544 and 0.542,
even though these methods were parameterized specifically for the particular data set.
This generalization opens the possibility of using one model for different optics without
having to make adjustments. With the execution time of 20 ms we are also in a similar
range as the execution times of the morphological filter. This requires 12 ms, 1.61 ms, or
40 ms depending on the input data. For some input data, especially coaxial complete with
1.6 ms, this process takes less time, but for other input data it takes even longer.
The spatter prediction works on the summed images as well as on the single images.
These show the average IoU value for the specific class with 0.821 for coaxial single, com-
pared to 0.810 for coaxial complete. To record single images, where every spatter is shown
punctually, a high recording frequency is required. Cheaper hardware usually has a lower
capture frequency, which means that individual spatters would be missed. To counteract
this, the exposure time can be increased so that the spatters are visible as lines on the
images, similar to the cumulative images we used. The tests showed that even in this
application, the spatter can be detected in the image and thus cheaper hardware can be
used for quality monitoring.
By using a segmentation approach and a model architecture which works well with
strong data augmentation, it is possible to work with very small training data sets. This
makes the labeling effort for new processes, e.g., to new customer data, manageable, and
thereby saves time and costs. By using a small network architecture with few parameters,
both the training time as well as the prediction time are short. Thanks to the short pre-
diction time, the application can be run directly on the production line on a conventional
industrial computer. By analyzing the data during production, it is possible to react inter-
actively, which is more efficient than a completely downstream analysis. The algorithm
can also be continuously optimized by feeding new data into the neural network under
defined monitoring conditions and then training it further. Further knowledge can be
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generated through the proper application of data feedback. However, in this application,
it is important to ensure that the application is not retrained by a drifting process. In
addition, an online learning approach for the laser parameters would also be conceivable.
The algorithm can be used to check whether spatter occurs with a certain configuration
and thus readjust the laser settings.
The data can be recorded coaxially through the laser optics or laterally to the welding
process. Spatter detection works well with both recording methods. In the average IoU of
the process light and the spatter class, we achieve 0.850 for the coaxial view, while we only
achieve 0.688 for the lateral images. It should be noted that the input images in both cases
look very different and the relevant image area has different sizes. In the lateral images,
a larger area is covered. In both cases, care must be taken to ensure that the distance to
the weld seam is large enough to ensure that the spatter is still within the camera’s field
of view. The coaxial camera setup is often already available on production lines and can
therefore be integrated more easily. In this case, the spatter detection could be upgraded in
a production line with the help of a software update.
When considering the entire welding process, welding monitoring with a focus on
spatter can be seen as just one part of a desired automated 100% inspection of the welding
result. This step could be integrated into a three-stage quality monitoring system: in the
first step, a deviating position of the hairpins can be detected in the process preparation
and thus the welding position can be corrected. In addition, it makes sense to integrate a
check of the presence of both hairpins and their correct parallel position. In the second step,
spatter monitoring can be carried out directly in the process. This provides information
on whether the welding process is unstable and enables rapid response. In the third step,
subsequent quality control of the welding results can be carried out. Due to the in-process
monitoring, random samples are sufficient in this step.
However, if 100% monitoring for spatter occurrence is to be implemented, additional
hardware is required. As mentioned before, an industrial camera installed at production
lines usually does not have such a high frame rate that images can be recorded without
short times were spatters can be missed. This can be counteracted with the help of an
extended exposure time and a larger field of view in which the spatter can be detected, but
a 100% view during the process is unrealistic. In this case, an event-based camera or other
sensor technology would have to be used. The approach presented in this paper focuses
on quick and easy integration into an existing production system without the need for
investment in additional hardware. This is often very costly and can lead to additional
calibration effort.
Further on, the presented approach can be extended by an additional consideration of
laser parameters or other sensor technology, which is already installed in the system. With
the help of the information fusion in which the camera-based in-process monitoring for
spatter is integrated, it is also possible to control the process even more comprehensively
with existing hardware.
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